in the Barents Sea, rules are made on the amount of bycatch that is allowed. To reduce D r a f t stocks, as well as the economical value of the particular fish species (Veim et al. 1994 ).
D r a f t
cod is of biological interest. Before September/October, the 0-group lives in the upper 69 layers of the sea and grows to around the same size as the shrimps (mean length about 70 8 cm Ottersen and Loeng 2000) . After September/October the 0-group changes to a 71 demersal life stage, which means that they start living at the seabed of the Barents 72 Sea ( Jakobsen and Ozhigin 2011, page 228-230) . The trawlers target shrimps at the 73 seabed and it is therefore reasonable to believe that the amount of bycatch within the 74 shrimp fishery industry is related to the abundance of 0-group fish within the area. As 75 far as we know there has been no statistical research on such a connection before.
76
The results in this paper can help MSS to optimize their resource allocation and improve 77 their decision making, and make short time future fishing grounds more predictable for is intended to capture that catches change over time. The spatio-temporal random field, 118 γ Z (s, t), is intended to capture that observations close in both space and time are probably 119 more equal. All these random effects are modeled as Gaussian fields with dependence 120 structures defined through covariance functions. Finally, ǫ Z (s, t) describes measurement 121 noise or micro-scale variability.
122
We assume a similar model for the bycatch. Let B(s, t) be the number of juvenile 123 cod caught at time t and location s, scaled to be per nautical mile, and set Y (s, t) = 124 log(B(s, t) + 1). Our model for the bycatch is defined as
where the interpretation of the terms involved are similar to model (1). The covariates 126 that have been considered are given in Table 2 . The 0-group abundance and shrimp catch 127 covariate in Table 2 are only used in the bycatch model (2). Alternative models such as
128
Poisson, negative binomial and a zero-inflated negative binomial distribution have also 129 been considered, but they did not perform as well as the log-Gaussian distribution, see
130
further comments on this in the discussion section.
131
The seasonal effect included requires some further discussion. We used a Fourier se-132 ries (Lay 2006, page 456) for the seasonal effect. The Fourier series is given by
were t ′ ∈ [0, 2π] with t ′ (1st January) = 0, t ′ (31st December) = 2π and linear in time. distance between the location and the northernmost and southernmost point.
146
Spatial, temporal, and spatio-temporal Gaussian random fields
147
We included three correlation structures in our models (1) and (2) via Gaussian random 148 fields, one spatial, one temporal and one spatio-temporal. This section describes the 149 correlation structures for the Gaussian random fields involved in models (1) and (2).
150
For brevity we will not use the subheadings Z and Y when elaborating the correlation 151 functions.
152
We assume that the spatially correlated Gaussian field, α(s), has zero mean and follows
153
the stationary Matern covariance function (Stein 1999) given by: 
175
The third covariance function considered was introduced within the R-INLA framework
176
by Cameletti et al. (2013) and also tested (but rejected) in Cosandey-Godin et al. (2014) .
177
In this case the covariance function is indirectly defined through the introduction of a 
185
Notice that the covariance structures in (5) and (6) 
where Bycatch(s s s, t) is the number of juvenile cod caught in a trawl haul at location s s s at 192 time t, and Target catch(s s s, t) is the kilogram of shrimp caught. The bycatch ratio (7) 193 can be interpreted as the total bycatch ratio over a large number of hypothetical trawls 194 taken in area A at time t.
195
The bycatch ratio (7) in an area A at time t is predicted as in Aldrin et al. (2012) by 196 Monte Carlo estimation:
. 
214
Inference 215 The models for shrimp catch (1) and bycatch (2) 
220
For computationally efficiency we approximate the spatial Gaussian fields, α Z (s) and (1) and (2) compared to letting each observation location be a vertex.
236
The covariance structure for the spatio-temporal effects defined in (5) is currently not 237 directly available in R-INLA. However, a generic class is available where the precision 238 matrix is given by Q = τ C where τ −1 is the marginal variance and C is fully specified.
239
In our case C is a function of the parameters θ s and θ t in (5) first the correlation structures are specified (through selection of which of the three ran-259 dom effects that should be included), using all relevant covariates, followed by a selection 260 of significant covariates using the selected correlation structure.
261
We used four methods when evaluating correlation structures: Bayes factor (Gelfand observation and predict these, this we repeat ten times until we have predictions for all 270 the observations. We used the Bayes factor for backward elimination of covariates.
271
Computational features
272
The research was done on a computer with Intel Core i5-2500 CPU 3.30GHz × 4 processor, found.
277

Results
278
The results section is divided into three parts: 1) covariates, 2) covariance structure, and 279 3) model performance with regards to decision making on time/area closures compared 280 to previous models in this fishery (Aldrin et al. 2012 ).
281
Covariates 282 Table 3 lists the covariates that were selected for the prediction of shrimp and bycatch. The more shrimp that is caught, the more bycatch we can expect. When considering model selection with respect to the covariance structure (random ef-314 fects), both the shrimp and bycatch models, including spatio-temporal correlation struc-315 ture given by (5) with q = 1, were clearly favored, see Table 5 shows the values of the parameters in the correlation structure in the final model From the estimated mean of the marginal variances in Table 5 there were 18 months with trawl haul observations in the Hopen area. Fig. 7 shows the 372 bycatch ratio predictions of the trawl hauls for each month in that period using only 373 observations previous to the beginning of the month. From Fig. 7 The objective of this paper was to construct statistical rigid models for shrimp catch 393 and bycatch that can be used to regulate the shrimp fishery with respect to bycatch.
394
This discussion is divided in four parts: The first part is about the covariates and the 
411
From Fig. 4c we also see that the model predicts higher shrimp catches in late spring 412 compared to the winter. This is probably due to the shrimps vertical migration pattern 413 which is dependent on light conditions (Hopkins et al. 1993) . By estimating the seasonal 414 effect of shrimp catch at different areas (not shown), we noticed that the shape of the 415 seasonal effect is the same but the magnitude seems to depend on the location. We tried 416 to account for this interaction between space and seasonal effect, similar to what we did 417 for bycatch, but there was no support in the data for including this into the model.
418
We tried to utilize the spatial locations of the estimates of the 0-group as a possible spatial 419 predictor for bycatch by using estimates of the number of cod per square nautical mile in 420 areas around the bycatch observations, but data did not support to include this into the 421 model. We therefore concluded only to use the estimated total number of 0-group of cod 422 present in the Barents Sea. These estimates can be found in Jakobsen and Ozhigin (2011, 423 page 565) and are calculated by the same 0-group data as used in this work. We believe in Jakobsen and Ozhigin (2011, 564) . Adding such a correlation structure was neither 436 supported by data based on our validation methods.
437
Because of our noninformative priors, and the confounding between the yearly effect and 438 the 0-group, the Bayes factor equally favored bycatch models with and without the 0- 
450
We both included a pure spatial field and a spatio-temporal random field in the models.
451
The spatial Gaussian field is intended to capture that some places are expected to have segments. In our approach we find the posterior distribution for all the parameters 502 simultaneously and thereby make the method more rigid. We are able to do this because 503 the R-INLA package effectively calculates the posterior distributions.
504
Aldrin et al. (2012) 
